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ABSTRACT 
In order to realize visualization and intelligence of 
computer-aided process planning, this paper proposes an 
intelligent system with the integration of workflow technology 
and max-min ant system. Workflow modeling technology was 
applied to represent multi-process routes decision-making 
problem (MRDP) and a heuristic algorithm based on expert 
knowledge was designed to construct the directed graph for 
MRDP. Moreover, a modified ant colony algorithm was 
proposed to exploit the best solution using improved max-min 
pheromone strategy and the way of updating pheromone. 
Finally, an experiment example is illustrated to demonstrate 
the proposed methodology. 
1 INTRODUCTION 
As the crucial task of process planning, multi-process routes 
decision-making problem (MRDP) is considered as the key 
issue of CAD/CAM integration, which is a bridge that takes 
product design and manufacturing requirement information 
from a CAD model and provides information to CAM for NC 
programming and fixture design. Multi-process routes 
decision-making decides whether the part can be machined 
with good manufacturability, high product quality, short 
manufacturing time, low manufacturing cost and management 
risk [1]. 
Multi-process routes decision-making problem has been an 
active research area since the late 1990s. Many researchers 
have worked on the problem and proposed different solutions, 
such as clustering analysis [2], Petri net model [3], cased-
based reasoning [4-5] and artificial intelligence (AI) 
techniques, such as genetic algorithm [6], neural network [7], 
evolutionary algorithm [8] and ant colony algorithm [9]. To 
deliver a robust solution applicable to practical problems, a 
few researchers combined two or more solutions in an 
integrated approach for MRDP [10]. To automate the process 
of multi-process routes decision-making with high efficiency                                                      
∗ Professor and author of correspondence, Phone: (+86) 451-8641-3262, Email: l_xi
 
aded From: https://proceedings.asmedigitalcollection.asme.org on 06/29/2019 Terms of Uand visualization, some researchers apply human machine 
engineering to multi-process routes decision-making [11]. 
However, these solutions generally use an ad hoc approach 
rather than a systematic approach and focus only on certain 
aspects to determine the process of MRDP, such as time, cost, 
resource or operation. To the best of our knowledge, the need 
for realizing visual, flexible and intelligent multi-process 
routes decision-making has almost not been dealt with. Based 
on the past work on multi-process routes decision-making 
problem, this paper tries to tackle this problem. 
From the literature review, it is concluded that a number of 
factors need to be taken into account in order to make the 
multi-process routes decision-making practical in industry 
application. First, as a visual and flexible methodology for 
MRDP, it should be operated visually, in other words, a visual 
operation environment should be provided. Second, since 
optimal process route should satisfy various constrains, such 
as manufacturing time, manufacturing cost, resource and 
distance from one working procedure to another, a 
comprehensive and sound evaluation strategy should be 
proposed. Third, according to the evaluation model, a quick 
and efficient algorithm should be presented to find an optimal 
solution. 
Bearing the above observations in mind, we present a novel 
solution to multi-process routes decision-making problem and 
the rest of this paper is organized as follows: section2 presents 
the process planning visualization with workflow modeling 
technology and designs a heuristic algorithm to construct the 
directed graph for MRDP. Section3 describes MRDP and 
proposes an evaluation model which considers all constrains 
mentioned above. Section4 applies an improved max-min ant 
system to the multi-process routes decision-making problem. 
Section5 proposed an experiment example for MMAS. 
Section6 concludes the paper and points out some remaining 
future work. nhua@yahoo.com.cn. 
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2 MULTI-PROCESS ROUTES DECISION-MAKING 
2.1 Workflow modeling technology for MRDP 
Process planning visualization is that process routes were 
constructed by dragging graphic components and were 
presented by process net so that multi-process routes can be 
planned simultaneously and visually. 
According to the definition above, a visual operation 
environment should be provided. It is well known that 
workflow modeling is an important technology support 
modeling, redesign and execution of business processes. Thus 
we can use workflow model to represent multi-process routes 
decision-making problem. The multi-process routes can be 
viewed as a directed graph, in which the nodes represent 
working procedures and the arcs describe their execution 
ordering. 
Formally, the multi-process routes can be defined as follows: 
Definition1. A directed graph for the multi-process routes is 
abstracted as a three-tuple p = (A, F, R) where: 
(i) A = { a1, a2, ... , an} is a set of activity nodes and an activity 
node represents a working procedure. 
(ii) F = { f1, f2, , f... n} is a set of arcs describe the flows 
between these nodes and fij is a direction arc from ai to aj. The 
value of arc fij is the cost of executing aj named after lij. 
(iii) R = { r1, r2, ... , rn} is a resource set accessed by an activity, 
where R is a superset, Ri is a resource set accessed by ai. 
Definition2. Xi is an operation defined as finding out all of 
paths for a working procedure to end. 
Definition3. Pi is the set of pre-activities of ai; Si is the set of 
since activity ai; Q is the set of non- Xi activities. 
According to the definitions described above, a directed graph 
example of MRDP was presented as Fig.1. 
 
Figure 1. A directed graph example of MRDP. 
2.2 Visual construction for MRDP 
In general, a workflow management system consists of two 
main functional components: modeling component and 
enactment component. The former offers a build-time 
environment in which workflow specifications can be defined, 
analyzed and managed. In addition, the component also 
supports the persistent storage for workflow specifications. In 
the visual operation environment, using intelligent reasoning 
based on expert knowledge, the system can construct a 
directed graph for MRDP automatically based on features and 
technology requirements of a given part, then user can add or 
subtract a working procedure manually. A heuristic algorithm 
to construct the directed graph for a given part was designed 
and the flowchart of the proposed algorithm is shown in Fig.2.  
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Figure 2. Visual construction for MRDP. 
3 PROBLEM CONSTRAINTS AND EVALUATION 
The multi-process routes decision-making problem is typically 
involves finding the minimum cost of the combined process 
routes for a given part from the start working procedure to the 
end. The process of selecting process routes allows the 
selection of any combination of working procedure in 
determining the process route for a given part and the problem 
is solved under the following constraints: 
(i) Each working procedure is visited only once. 
(ii) Each path from one working procedure to another is a 
directional arc. 
Since the cost is closely associated with several elements such 
as manufacturing time, manufacturing cost, distance from one 
working procedure to another, manufacturing quality, priority 
and load of resource accessed by a working procedure. So we 
attempt to find an effective evaluation method considered 
these elements to satisfy its process requirements. 
Therefore, the multi-process routes decision-making problem 
is a combinatorial optimization problem which the number of 
feasible solutions for the problem increases exponentially with 
the number of working procedures to be proposed. 
Based on mentioned above, the working procedure cost can be 
divided into six basic cost elements which can be defined as 






ij rrqdctl +++++=                        (1) 
Where: 
tj: manufacturing time of aj and it can be picked up from the 
process knowledge database; 
cj: manufacturing cost of aj and it can be picked up from the 
process knowledge database; 
dij: distance from ai to aj, it can be calculated and input into 
the system; 2 Copyright © 2007 by ASME 
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Dowqj: quality of aj and it can be picked up from the process 
knowledge database; 
p
jr : priority of resource accessed by aj and it can be picked up 
from the resource database; 
l
jr : load of resource accessed by aj and it can be calculated 
and input into the system. 
In order to guarantee dimensions uniform, some 
transformations were applied to normalize the parameters and 
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s.t                         (4) 1654321 =+++++ kkkkkk
Where k1, k2, k3, k4, k5, k6 are the weighting coefficient of each 
element mentioned above. Remaining parameters can be 
transformed by the same way. 
4 MMAS FOR MRDP 
4.1 MMAS description 
The natural metaphor on which ant algorithms are based is 
that of ant colonies. Researchers are fascinated by seeing the 
ability of the almost blind ants in establishing the shortest 
route from their nests to the food source and back. These ants 
secrete a substance, called a pheromone and use its trails as a 
medium for communicating information among each other. 
The probability of the trail being followed by other ants is 
enhanced by increased trail deposition of others following this 
trail [12]. This co-operative search behavior of real ants 
inspired the new computational paradigm for optimizing real-
life systems and it is suited for solving large-scaled 
optimization problems. ACO has also been applied to other 
optimization problems, such as the TSP, JSP, etc. More 
recently, the modified ACO is made an effective global 
optimization procedure by introducing a bi-level search 
procedure, termed a local and global search. The important 
aspect in ACO is that the artificial ants select the solution to 
which they move with a selection probability proportional to 
the pheromone trail. 
Research on ACO has shown that improved performance may 
be obtained by a stronger exploitation of the best solutions 
found during the search and the search space analysis in the 
previous section gives an explanation of this fact. Yet, using a 
greedier search potentially aggravates the problem of 
premature stagnation of the search. Therefore, the key issue to 
achieve best performance of ACO algorithms is to combine an 
improved exploitation of the best solutions found during the 
search with an effective mechanism for avoiding early search 
stagnation. Max-min ant system, which has been specifically 
developed to meet these requirements, differs in three key 
aspects from ant system [13]. 
(i) To exploit the best solutions found during an iteration or 
during the run of the algorithm, after each iteration only one 
single ant adds pheromone. This ant may be the one which 
found the best solution in the current iteration (iteration-best  
nloaded From: https://proceedings.asmedigitalcollection.asme.org on 06/29/2019 Terms of Useant) or the one which found the best solution from the 
beginning of the trial (global-best ant). 
(ii) To avoid stagnation of the search the range of possible 
pheromone trails on each solution component is limited to an 
interval [ minτ , maxτ ]. 
(iii) Additionally, we deliberately initialize the pheromone 
trails to maxτ , achieving in this way a higher exploration of 
solutions at the start of the algorithm. 
ACO simulates the behavior of ant colonies in nature as they 
forage for food and find the most efficient routes from their 
nests to food sources. The decision making processes of ants 
are embedded in the artificial intelligence algorithm to the 
multi-process routes decision-making problem. 
4.2 Route construction 
Initially, m ants are placed on m randomly chosen working 
procedures. Then, in each construction step, each ant moves, 
based on a probabilistic decision, to a working procedure that 
it has not yet visited. This probabilistic choice is biased by the 
pheromone trail )(tijτ  and by a locally available heuristic 
information ijη . The latter is a function of the arc length. 
MMAS and all other ACO algorithms for the MRDP use 
ij
ij d
1=η . Ants prefer working procedures which are close 
and connected by arcs with a high pheromone trail and in 
MMAS, an ant k currently located at working procedure i 
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Where α  and β  are two parameters which determine the 
relative importance of the pheromone trail and the heuristic 
information, and  is the feasible neighborhood of ant k, 
that is , the set of working procedures which ant k has not 
visited yet. Each ant k stores the working procedures visited in 
its current partial tour in a list, that is, each ant has a limited 
memory which is used to determine  in each construction 
step and thus to guarantee that only valid Hamiltonian cycles 
are generated. Additionally, it allows the ant to retrace its tour, 
once it is completed, so that it can deposit pheromone on the 





)(tkijτ  is the pheromone value of ant k and its value is limited 
to an interval described as following to avoid stagnation of the 
search. 











Each move is a finite random increment between the current 
position of the ant and the new working procedure. The ant 3 Copyright © 2007 by ASME 
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can either choose a random direction or even choose to mover 
towards a direction that has previously improved the fitness. 
4.3 Trial updating 
In order to improve future solutions, the pheromone trails of 
the ants must be updated to reflect the ant’s performance and 
the quality of the solutions found. This updating is a key 
element to the adaptive learning technique of ACO and helps 
to ensure improvement of subsequent solutions. Trail updating 
includes local updating of trails after individual solutions have 
been generated and global updating of the best solution route 
after a predetermined number of solutions m has been 
accomplished. 
First, local updating is conducted by reducing the amount of 
pheromone on all visited arcs in order to simulate the natural 
evaporation of pheromone and to ensure that no one pat 
becomes too dominant. This is done with the following local 
trail updating equation. 
01 ρτ+τρ−=τ ijij )(                                 (7) 
Where ρ  is a parameter that controls the speed of 
evaporation and 0τ  is equal to an initial pheromone value 
assigned to all arcs in graph p. For this study, 0τ  is equal to 
the inverse of the best known route distances found for the 
particular problem. 
After a predetermined number of ants m construct a feasible 
route, global trail updating is performed by adding pheromone 
to all of the arcs included in the best route found by one of m 
ants. Global trail updating is accomplished according to the 
following relationship: 
),()t()t()()t( bestijijij 1011 ∈ρτΔ+τρ−=+τ          (8)  
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Where  denotes the solution cost of either the iteration-
best or the global-best solution. This updating encourages the 
use of shorter routes and increases the probability that future 
routes will use the arcs contained in the best solutions. This 
process is repeated for a predetermined number of iterations 
and the best solution from all of the iterations is presented as 
an output of the model and should represent a good 
approximation of the optimal solution for the problem. 
bestL
4.4 Initializing pheromone trails 
Various randomly generated values are the initial sets of trial 
solutions. Each one of these sets will be called a region. The 
regions are sorted according to fitness and stored in Tabu lists. 
In the beginning of the search, the pheromone values are 
initialized to the same small numerical values calculated 




































0 =τ                         (11) 
Where C is the best value of the objective function found so 
far and σ  is the number of best ants. 
5 AN EXPERIMENT EXAMPLE 
Multi-process routes decision-making problem has been 
solved using the improved MMAS elaborated above and 
implemented by Delphi 6. In this section, a simple example is 
illustrated in Fig.3 to demonstrate that the proposed algorithm 
is feasibility and efficient.      
Figure 3. Experiment example. 
 
The directed graph for the multi-process routes of a given part 
in the left of Fig.3 was constructed using workflow modeling 
tool that has been developed in the lab. According to the 
parameters shown in table 1, a best solution that was colored 
 
s
in the right of Fig.3 was explored by the improved max-min 
ant system. In our experiment, the parameters k1, k2, k3, k4, k5, 
k6 were 0.3, 0.2, 0.15, 0.15, 0.1, 0.1. 4 Copyright © 2007 by ASME 
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TABLE 1.  PARAMETERS OF MMAS. 
Arc t(h) c d q rp rl l 
f1 2.5/0.0206 5.2/0.0214 10/0.0192 2/0.0182 2/0.0200 30/0.0249 0.0206 
f2 2.8/0.0231 4.5/0.0185 12/0.0230 3/0.0273 2/0.0200 25/0.0207 0.0222 
f3 2.4/0.0198 5.3/0.0218 12/0.0230 3/0.0273 5/0.0500 45/0.0373 0.0266 
f4 2.7/0.0223 6.2/0.0255 12/0.0230 3/0.0273 4/0.0400 34/0.0282 0.0262 
f5 2.6/0.0215 6.1/0.0251 15/0.0288 2/0.0182 1/0.0100 33/0.0273 0.0223 
f6 3.8/0.0314 7.1/0.0292 21/0.0403 1/0.0091 2/0.0200 28/0.0232 0.0270 
f7 3.1/0.0256 6.3/0.0259 12/0.0230 2/0.0182 1/0.0100 20/0.0166 0.0217 
f8 3.1/0.0256 6.3/0.0259 19/0.0365 2/0.0182 1/0.0100 20/0.0166 0.0237 
f9 3.3/0.0272 6.5/0.0267 17/0.0326 5/0.0455 2/0.0200 34/0.0282 0.0300 
f10 3.5/0.0289 7.4/0.0304 13/0.0250 2/0.0182 3/0.0300 34/0.0282 0.0271 
f11 3.7/0.0305 6.9/0.0284 14/0.0269 3/0.0273 2/0.0200 38/0.0315 0.0281 
f12 3.7/0.0305 6.9/0.0284 11/0.0211 3/0.0273 2/0.0200 38/0.0315 0.0272 
f13 3.8/0.0314 7.1/0.0292 17/0.0326 1/0.0091 2/0.0200 28/0.0232 0.0258 
f14 2.0/0.0165 3.9/0.0160 12/0.0230 3/0.0273 2/0.0200 32/0.0265 0.0203 
f15 2.0/0.0165 3.9/0.0160 10/0.0192 3/0.0273 2/0.0200 32/0.0265 0.0198 
f16 1.8/0.0149 4.1/0.0169 12/0.0230 3/0.0273 3/0.0300 40/0.0331 0.0217 
f17 2.6/0.0215 4.9/0.0201 14/0.0269 2/0.0182 3/0.0300 26/0.0215 0.0224 
f18 2.6/0.0215 4.9/0.0201 12/0.0230 2/0.0182 3/0.0300 26/0.0215 0.0218 
f19 2.8/0.0231 6.1/0.0251 11/0.0211 5/0.0455 3/0.0300 33/0.0273 0.0277 
f20 2.8/0.0231 6.1/0.0251 10/0.0192 5/0.0455 3/0.0300 33/0.0273 0.0274 
f21 4.9/0.0404 9.2/0.0378 16/0.0307 5/0.0455 3/0.0300 36/0.0298 0.0371 
f22 2.6/0.0215 4.9/0.0201 12/0.0230 2/0.0182 3/0.0300 26/0.0215 0.0218 
f23 4.4/0.0363 8.2/0.0337 20/0.0384 2/0.0182 2/0.0200 23/0.0191 0.0300 
f24 4.4/0.0363 8.2/0.0337 11/0.0211 2/0.0182 2/0.0200 23/0.0191 0.0274 
f25 4.1/0.0338 8.7/0.0358 15/0.0288 4/0.0364 2/0.0200 36/0.0298 0.0321 
f26 4.1/0.0338 8.7/0.0358 10/0.0192 4/0.0364 2/0.0200 36/0.0298 0.0306 
f27 2.3/0.0190 5.1/0.0210 15/0.0288 2/0.0182 4/0.0400 38/0.0315 0.0241 
f28 2.9/0.0239 5.7/0.0234 11/0.0211 5/0.0455 4/0.0400 28/0.0232 0.0282 
f29 2.7/0.0223 5.1/0.0210 14/0.0269 3/0.0273 2/0.0200 20/0.0166 0.0227 
f30 2.4/0.0198 4.5/0.0185 16/0.0307 3/0.0273 4/0.0400 34/0.0282 0.0252 
f31 2.4/0.0198 4.5/0.0185 13/0.0307 3/0.0273 4/0.0400 34/0.0282 0.0243 
f32 2.4/0.0198 5.5/0.0226 19/0.0365 5/0.0455 5/0.0500 40/0.0331 0.0311 
f33 4.1/0.0338 8.3/0.0341 18/0.0345 2/0.0182 3/0.0300 38/0.0315 0.0310 
f34 3.9/0.0322 8.1/0.0333 11/0.0211 3/0.0273 2/0.0200 30/0.0249 0.0281 
f35 3.9/0.0322 8.1/0.0333 15/0.0288 3/0.0273 2/0.0200 30/0.0249 0.0292 
f36 4.1/0.0338 8.3/0.0341 14/0.0269 2/0.0182 3/0.0300 38/0.0315 0.0299 
f37 4.1/0.0338 8.3/0.0341 13/0.0250 2/0.0182 3/0.0300 38/0.0315 0.0296 
f38 3.9/0.0322 8.1/0.0333 12/0.0230 3/0.0273 2/0.0200 30/0.0249 0.0284 
f39 0 0 0 0 0 0 0 
f40 0 0 0 0 0 0 0 D
 
The performance of proposed max-min ant system is 
evaluated by comparing with other approaches in combination 
optimization problem. In our experiments, number of working  
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a PC with Pentium IV 1800 and 768MB main memory. The 
results of experiment are shown in table 2. TABLE 2.  COMPARE MMAS WITH OTHER ALGORITHMS. 
Algorithms Average Deviation Max Deviation Percent of best solution Computing time(s) 
GA 2.15% 42.6% 72.5% 2.4 
SA 2.33% 48.7% 70.5% 2.4 
ACO 1.45% 33.4% 77.4% 2.4 
MMAS 0.80% 18.6% 85.4% 2.4  
6 CONCLUSIONS AND FUTURE WORK 
In this paper, an intelligent methodology that exploits the 
optimal process planning for a given part with multi-process 
routes decision-making problem is proposed. In the proposed solution, the multi-process routes were represented by a 
directed graph constructed by a heuristic algorithm based on 
expert knowledge. In order to explorer an optimal solution, a 
modified max-min ant system was applied to MRDP by 
improved maxi-min pheromone strategy and the way of 5 Copyright © 2007 by ASME 
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Dowupdating pheromone. The experiment example has 
demonstrated that the intelligent methodology is feasibility 
and efficient. 
At present, we have developed a workflow modeling tool and 
optimization system based on MMAS for multi-process routes 
decision-making problem. In the further work, we will 
increase the process knowledge database, process case library 
and go further into the optimization for MRDP. 
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